Presented case study
). Leaf area, total biomass and plant height were measured (Fig. S1) , among other variables, as presented in previous works (Alvarez Prado et al., 2018; Cabrera-Bosquet et al., 2016) .
Methods for outlier detection
Statistical analysis was performed with R, version 3.3.2 (R Core Team, 2018) and ASREML-R (Butler et al., 2009) softwares. Three methods for detecting outliers were considered in this study. A Statistical single-trait method, a Visual method and a Composite multi-trait cleaning method.
The statistical single-trait procedure consisted in first modelling the time courses of each variable for each plant by a nonparametric smoothing spline. This is a piecewise cubic polynomial (Eubank, 1999) . In a second step, we did a functional ANOVA decomposition (Gu, 2014) of all the fitted splines for each combination genotype x watering-treatment, by taking into account the replicate effect and a temporal functional effect. The smoothing spline fitting and the functional ANOVA decompositions were performed with the 'gss' R package. The outlier plants were identified with a Kullback-Lleiber distance higher than 0.05 (Gu, 2014) . Final identification of outlier plants depended on the test result (Fig. S2A ). This procedure was performed over each trait individually without considering other traits, meaning that distinct outlier datasets were associated with each considered trait.
The visual method was based on experimenter's annotations during the experiment, which were stored in the database corresponding to the experiment. The experimenter identified and tagged outlier plants using expert criteria based on plant size, development, architecture and health.
Finally, the Composite multi-trait method considered several traits jointly, with rules described in the main text.
Each of the selected traits was measured (or estimated) at the specific time of 24 d20°C, i.e. before soil water potential in the two watering treatment became significant. Traits were then fitted with the following mixed model
This model considered fixed experiment effect (Exp) and random genotypic (Geno), replicate (Rep) and spatial effects (Row, Col for Column) (Fig. S2B ). The spatial variability within the platform was modeled with an AR1×AR1 variance-covariance structure error. The model (1) was fitted with the "ASReml-R" package, version 3 (Butler et al., 2009) . For outlier identification, the standardized residuals were obtained (Fig. S2B ) by using the alternate outlier model developed in the package (Butler et al., 2009; Welham et al., 2013) . Plants whose standardized residuals were less than -2 for the criteria of leaf appearance rate and biomass were considered as outlier small plants. Plants whose standardized residuals were greater than 2 for the criteria of plant height and biomass were considered as outlier large plants (Fig. S2B ). Outliers were automatically labelled in the dataset, not only for the traits used as criteria (leaf appearance rate, plant height and biomass) but also for other traits not considered in outlier detection, such as leaf area.
BLUP estimation and GWAS analysis
In each dataset resulting from the original collection and the three cleaning methods, genotypic means were calculated for leaf area, biomass and plant height at 45 d20°C. An individual mixed model was fitted for each experiment by water treatment combination using the ASReml-R package:
where Y is the vector of phenotypic observations, Geno the random genotypic effect, Row the row random effect,
Col the column random effect, Rep the replicate random effect, and ε the residual error variance with an AR1(Row) × AR1(Col) correlation structure. The best linear unbiased predictions (BLUPs) of the genotypic means were then used for the genome-wide association study (GWAS). Generalized heritability interpreted as broad-sense mean-line heritability was estimated as:
where PEV is the mean pairwise prediction error variance of differences between genotypes, and σ²G is the variance component associated with genotypic effects (Cullis et al., 2006) .
GWAS was performed on individual traits for each experiment by watering treatment combination using the single locus mixed model as described in Millet et al. (2016) using FaST-LMM v2.07 (Lippert et al., 2011) . A variance-covariance matrix for modelling the random polygenic effect was determined by a genetic relatedness (or kinship) matrix, derived from all SNPs except those on the chromosome containing the SNP being tested (Rincent et al., 2014) . All SNPs with a minor allele frequency (MAF) lower than 5% were excluded from the analysis. For details regarding GWAS analysis see Millet et al. (2016) . Table S5 : Complete set of QTL detected for biomass, plant height and leaf area. SNP name, its position (bp), the chromosome, the bin, the region (in Mbp and cM), the environment where it was detected, the outlier detection method (NC: no cleaning, VC: visual cleaning, SC: statistical single-trait cleaning and CC: composite multi-trait cleaning), the minor allele frequency (MAF), the log p-value and the allelic effect of the significant SNPs are detailed for each trait. 
